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Abstract We demonstrate using multi-layered networks, the existence of an empir-
ical linkage between the dynamics of the financial network constructed from the
market indices and the macroeconomic networks constructed from macroeconomic
variables such as trade, foreign direct investments, etc. for several countries across
the globe. The temporal scales of the dynamics of the financial variables and the
macroeconomic fundamentals are very different, which make the empirical linkage
even more interesting and significant. Also, we find that there exist in the respective
networks, core-periphery structures (determined through centrality measures) that
are composed of the similar set of countries – a result that may be related through
the ‘gravity model’ of the country-level macroeconomic networks. Thus, from a
multi-lateral openness perspective, we elucidate that for individual countries, larger
trade connectivity is positively associated with higher financial return correlations.
Furthermore, we show that the Economic Complexity Index and the equity markets
have a positive relationship among themselves, as is the case for Gross Domestic
Product. The data science methodology using network theory, coupled with standard
econometric techniques constitute a new approach to studying multi-level economic
phenomena in a comprehensive manner.
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1 Introduction
Financial networks are major vehicles for transmitting shocks across different eco-
nomic entities, which lead to complex dynamics. A well known phenomenon is that
financial variables are considerably more volatile than macroeconomic variables
with a much higher frequency, whereas, macroeconomic variables tend to show a
much slower dynamics. A simple inspection of data suggests, there is wide varia-
tion even in intra-day stock returns, whereas macroeconomic variables move by a
perceptible magnitude only over quarters or years if not longer time horizon. Thus
these two types of variables differ both in frequency as well as the magnitude of os-
cillation. A directly related observation is that the magnitude of fluctuations of the
financial variables often seems decoupled from the fluctuations in the underlying
macroeconomic variables. This is formally known as the excess volatility puzzle.
In an aggregate sense, growth rates of macroeconomic entities like firm-size vari-
ables shows bi-exponential distributions [9]. But the corresponding financial indices
typically have a power law structure which indicates much wider dispersion than
exponential distributions. Thus, although the financial indices should reflect move-
ments in underlying macroeconomic factors, it seems unlikely that the dynamics
of individual financial time series can be readily explained by the dynamics of the
corresponding economic variable.
In this chapter, we follow a complementary approach. In the finance literature,
researchers have focused on factor models to relate economic variables to financial
ones. We propose in the following that rather than looking at the time-series proper-
ties, a more useful approach could be to analyze the cross-sectional variation in the
return structure and to find if there is any macro variable that explains the variation.
In particular, we posit that the aggregate financial network across countries are in
sync with the dynamics of underlying macroeconomic fundamentals. The main idea
stems from the work of Sharma et al. [12], which showed that at the sectoral level,
there is a one-to-one mapping between the economic size of the sectors and central-
ity in the corresponding financial network. We extrapolate that idea to the country
level. The novelty of the present approach lies in two factors. First, the earlier pa-
per considered economic size of sectors measured by three indices (total market
capitalization, revenue and employment) to be the underlying factors. Here, at the
country level we extend the analysis by constructing country-to-country macroeco-
nomic networks which underlie the financial network. In particular, we analyze the
foreign direct investment network and trade network. Thus, it allows us to actually
create a multi-layered network [8, 7] rather than just focusing on the size effect.
Second, given that the Gravity equations are good models to understand country-
level macroeconomic networks (see e.g. the works[4, 13] among others), we have
an explanatory model of the relationship of this multi-layered network through the
gravity model. Wang et al. [15] constructed and analyzed a cross-country finan-
cial network. They analyzed the topological properties of the network with different
clustering algorithms. We differ significantly from their approach with our empha-
sis on country-level fundamentals and their connections with the financial network.
Main problem-wise the closest work to ours is of Qadan and Yagil [11], who an-
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alyzed a very similar problem with econometric techniques. But they did not ex-
plicitly consider network topology. Hence, our results complement their findings.
Finally, Bookstaber and Kenett [3] constructed a multi-layered map of the financial
system and analyzed its topology. Our usage of multi-layered network was moti-
vated by that paper, but our emphasis on the macroeconomic variables provide new
and different features of the data.
The main points of this chapter are as follows: First, there is a relationship be-
tween centrality measures of financial return correlation network across countries
and the same for trade and FDI networks. Second, from a multi-lateral openness
perspective, we show that even for individual countries, larger trade connectivity is
positively associated with higher financial return correlations. Third, we analyze the
network architecture by using different clustering algorithms, which in turn allows
us to identify the countries that are at the core or at the periphery.
2 Macroscopic View
In this section, we study the relationship between financial indices return network,
trade and foreign direct investment (FDI) networks as a multiplex network for 18
European countries. Next, we study the world stock market and relationship of
macro variables and indicators like economy size, Economic Complexity Index, etc.
2.1 Data Description
For the macro-level analysis, we have used the data of the adjusted closing price
for 18 European countries downloaded from Thomson Reuters Eikon database [14],
within the time period of 2001-2009. The countries are: (1) AUT- Austria (2) BEL-
Belgium (3) CZE- Czech Republic (4) DEU- Germany (5) DNK- Denmark (6)
ESP- Spain (7) FRA- France (8) GBR- United Kingdom (9) HUN- Hungary (10)
IRL- Ireland (11) ITA- Italy (12) LVA- Latvia (13) NLD- The Netherlands (14)
POL- Poland (15) PRT- Portugal (16) ROU- Romania (17) SVK- Slovak Republic
and (18) SWE- Sweden. Data for Foreign Direct Investment (FDI) and international
trade for same 18 European countries is downloaded from External and intra-EU
trade, A statistical yearbook, 2011 edition published by eurostat. To study the evo-
lution of world stock markets, we have used the adjusted closing price of 51 market
indices across the globe downloaded from the Thomson Reuters Eikon database,
within the time period of 2001-2015. The countries: (1) USA- The United States of
America (2) CAN- Canada (3) BRA- Brazil (4) ARG- Argentina (5) MEX- Mexico
(6) CHL- Chile (7) VEN- Venezuela (8) PER- Peru (9) JPN- Japan (10) SGP- Sin-
gapore (11) CHN- China (12) AUS- Australia (13) HKG- Hong Kong (14) KOR-
Korea (15) IND- India (16) IDN- Indonesia (17) MYS- Malaysia (18) THA- Thai-
land (19) PHL- Philippines (20) PAK- Pakistan (21) LKA- Sri Lanka (22) GBR-
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United Kingdom (23) FRA- France (24) ITA- Italy (25) ESP- Spain (26) RUS-
Russia (27) NLD- The Netherlands (28) CHE- Switzerland (29) SWE- Sweden
(30) POL- Poland (31) BEL- Belgium (32) NOR- Norway (33) AUT- Austria (34)
DNK- Denmark (35) GRC- Greece (36) PRT- Portugal (37) HUN- Hungary (38)
IRL- Ireland (39) TUR- Turkey (40) ROU- Romania (41) SVK- Slovak Republic
(42) HRV- Croatia (43) CZE- Czech Republic (44) LVA- Latvia (45) DEU- Ger-
many (46) QAT- Qatar (47) SAU- Saudi Arabia (48) OMN- Oman (49) KWT-
Kuwait (50) TUN- Tunisia and (51) ZAF- South Africa, spread across the continent
of Latin America, Asia, Europe and Africa. Economic complexity data is down-
loaded from Atlas of Economic Complexity [1] for the period 2001-2015. GDP (per
capita by country) data is downloaded from Knoema world data Atlas [2].
2.2 Some Basic Measures
We consider aggregate stock market indices {Pit}i∈N,t∈T for N countries and T pe-
riods. We construct the return series by taking simple log differences of the prices
levels
{rit}i∈N,t∈T−1 = log({Pit}i∈N,t∈T/{Pi(t−1)}i∈N,t∈T ). (1)
Next, we construct the correlation matrix ρN×N from the N time-series. We have
used eigenvector centrality (we refer to the measure as EVC) to measure centrality
of different nodes in a given network. EVC is defined by a vector eN×1 which solves
λe= ρe, (2)
where λ is an eigenvalue of the matrix ρ . EVC is defined as the eigenvector e cor-
responding to
λ = max
{i∈N}
{λi}. (3)
For all variables x, we construct the z-score of the same as
xz = (x−E(x))/σx. (4)
2.3 The Relationship Between Financial Indices, International
Trade, and Foreign Direct Investment
In this section, we try to find the FDI-trade linkage between host and home countries
[10, 6], and their effect on financial indices in the form of a multiplex network.
Here, we show empirical evidence for 18 European countries (see data description
in section 2.1) whether financial indices and international trade of these nations are
substitute or compliments, i.e., whether a great market index held by a nation is
associated with decreases or increases of its export and imports. The effect of FDI
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on trade is always a concern for the policymakers. So we studied the effect of FDI
on international trade and financial indices. For this analysis, we have chosen both
the developed and developing countries of European continent. The literature on
FDI and trade generally points to a positive growth relationship.
(a)
(b) (c) (d)
Fig. 1 (a) Multiplex network for 18 European countries for the year 2008. Financial indices are
the top-level network and macroeconomic entities (Trade and FDI) are base-level networks. Eigen-
vector centrality for (b) Financial indices, (c) Trade and (d) Foreign direct investment (FDI). We
divided the EVC in all the networks with three different shades (light to dark).
In Fig. 1, we present a multi-layered network view of the 18 European coun-
tries. In panel (a), we construct that the base-level networks formed across countries
in terms of trade flow and FDI flow. Both of these two networks capture the con-
nections through economic variables. The top-layer, on the other hand, has been
constructed from the financial indices. Here, we examine the relationship between
the upper layer of financial network and lower levels of FDI and trade networks.
The countries occupying central positions in the correlation network are also central
in the corresponding trade and FDI network. In panels (b), (c) and (d), we show the
eigenvector centralities of the corresponding countries for these three variables. We
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cut down the EVC at three levels and that is reflected in the network of financial
indices, trade and FDI. In all the networks three countries: SVK, ROU and LVA are
forming no link with other countries. PRT is not forming any link in trade and FDI
network. CZE, HUN, POL are not forming links in trade network with rest of the
countries. Germany is Europe’s one of the developed country and strongest econ-
omy due to its highly skilled labor force, high quality of life for its resident, etc. as
visible in Fig. 1(a) trade network. We computed the eigenvector centrality (normal-
ized) of financial indices, international trade and FDI. Then, we regress these three
variables as shown in Fig. 2. EVC’s of trade and FDI points to a positive growth
relationship having β = 1.04±0.17 with p− value= 0.00001. Germany is an out-
lier. EVC’s of trade and financial indices are also showing positive slope having
β = 0.17±0.07 with p− value= 0.03. Latvia and Slovakia are outliers. EVC’s of
FDI and financial indices are showing a mildly positive slope having β = 0.15±0.06
with p− value= 0.03.
(a) (b) (c)
Fig. 2 Linear regression of normalized eigenvector centrality between (a) trade and financial
indices having β = 0.17 ± 0.07 with p − value = 0.03, (b) FDI and financial indices hav-
ing β = 0.15± 0.06 with p− value = 0.03, (c) Trade and FDI having β = 1.04± 0.17 with
p− value= 0.00001, of 18 European countries for year 2008.
To see the co-evolution of trade and financial indices, we regress the EVC’s of
indices and trade for the period 2003, 2005, 2007, and 2009 as shown in Fig. 3.
The positive slopes of the best fit line indicates that higher centrality in the financial
network is occupying more central positions in the trade network. This pattern holds
true for all four time periods, both before and immediately after the financial crisis.
Thus, we show that there exists a mapping between the financial network and the
trade network. The co-movement of three countries: SVK, LVA and ROU is traced.
In the year 2009, ROU came closer to the rest of the countries (as seen in Fig. 3(h)).
Germany is always an outlier.
We also conduct a microscopic study of the relation between trade flow and co-
evolution of financial indices at the country level. For illustrative purpose, we have
chosen two reasonably large European economies viz. Germany (DEU) and France
(FRA). In Fig. 4, we plot the nominal trade flow as a function of index correlations
for pairs of countries, where we fix the origin country. In Fig. 4,the left column
shows the analysis for Germany (DEU), whereas the right column shows the anal-
ysis for France (FRA). We have considered four snapshots over time, two before
the crisis (2005 and 2006) and two into the crisis period (2008 and 2009). For DEU
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(a) (e)
(b) (f)
(c) (g)
(d) (h)
Fig. 3 Mapping between the EVC’s of the financial network and the trade network for the years:
2003, 2005, 2007, 2009 across 18 European countries. The left panel (a,b,c and d) shows bar
charts of the normalized EVC’s of financial indices and trade. The right panel (e,f,g and h) shows
the scattered plots of the normalized EVC’s of financial indices and trade along with the best fit
line having slope, (e) 0.43±0.09 for 2003, (f) 0.40±0.09 for 2005, (g) 0.25±0.08 for 2007 and
(h) 0.23±0.07 for 2009. The positive slopes of the best fit line indicate that higher centrality in the
financial network is correlated with occupying more central positions in the trade network. SVK,
LVA and ROU always evolving together. DEU is an outlier.
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(a) (e)
(b) (f)
(c) (g)
(d) (h)
Fig. 4 Mapping between financial indices correlation and log10(trade) for Germany (DEU) and
France (FRA), for four snapshots over time, two before the crisis (2005 and 2006) and two into the
crisis period (2008 and 2009). For DEU the best fit line having slopes: (a) 1.35± 0.27 for 2005,
(b) 1.35±0.26 for 2006,(c) 1.51±0.41 for 2008 and (d) 1.25±0.31 for 2009. For FRA the best
fit line having slope, (e) 2.00± 0.23 for 2005, (f) 1.97± 0.28 for 2006, (g) 1.80± 0.47 for 2008
and (h) 1.65±0.35 for 2009.
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the best fit line having slope: (a) 1.35±0.27 for 2005, (b) 1.35±0.26 for 2006,(c)
1.51±0.41 for 2008, and (d) 1.25±0.31 for 2009. For FRA the best fit line having
slope: (e) 2.00± 0.23 for 2005, (f) 1.97± 0.28 for 2006, (g) 1.80± 0.47 for 2008,
and (h) 1.65±0.35 for 2009. One interesting feature is that during the crisis period,
many countries become much more correlated and hence create a cluster, most no-
tably in the case of Germany in periods 2008-09. However, in all the cases, it seems
to be a clear positive correlation between pairwise trade flow and index correlation
and this relationship is seemingly robust with respect to the occurrence of the cri-
sis period. Three countries viz. Latvia (LVA), Romania (ROU) and Slovakia (SVK)
seems to be far less correlated than the rest of the countries in the sample. However,
removal of them does not affect the direction of the relationship.
2.4 Mapping Between Economic Complexity Index (ECI) and
Financial Indices
To find out the production characteristics of large economies, Economic Complexity
Index (ECI) is a holistic measure proposed by Hidalgo and Hausmann [5] in 2009.
The goal of this index is to explain an economy as a whole rather than the sum of
its parts. To see the mapping between equity and ECI, we regress the normalized
EVC’s of financial indices and ECI of 51 countries across the globe during 2007-
2010, as shown in Fig. 5. Equity and ECI are sharing a positive relationship among
themselves. Also the evolution of three variables: per capita GDP, ECI and EVC’s
of financial indices during 2002-2014 is shown in Fig. 6.
This finding is not very surprising as there are two fundamental relationships.
One, typically larger (and more developed) countries have higher complexity index.
Two, there is a strong relationship between return centrality and size (we explore it
below in more details). Combining the two, we see that ECI could also have positive
correlation with return centrality.
2.5 Estimation Results Controlling for Variations across Countries
All analyses done so far were essentially correlation study without controlling for
other country-specific characteristics. Here, we present a sequence of regression
tables done across years with control variables in place (2001-09; see Tables: 1
to 9 in arXiv:1805.06829). We have used foreign direct investment, total credit as
a percentage of GDP, trade openness (total trade/GDP), size variables (GDP and
GDP per capita) as control variables. As can be seen, the relationship is not robust
to inclusion of aggregate size (i.e. GDP). We have discussed this issue below in
details.
Next, we have constructed an instrumental variable based on geographic central-
ity of the countries. The assumption we make is that geographic centrality should
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(a) (b)
(c) (d)
Fig. 5 Mapping between the EVC’s of financial indices and economic complexity index (ECI),
with the best fit lines having a slopes: (a) 54.5± 10.7 for 2007, (b) 73.9± 13.9 for 2008, (c)
48.5±12.3 for 2009, and (d) 52.4±11.7 for 2010.
be orthogonal to size, but related to trade centrality (because of gravity equation;
see below). The results are presented in Table 10 in arXiv:1805.06829 (2 stage least
square estimation) and Table 11 in arXiv:1805.06829 (limited information maxi-
mum likelihood estimation). As can be seen, the sign is preserved and in the ex-
pected direction but the relationship is not statistically significant at 5%. This is
somewhat problematic as it indicates that the instrument is not very good for this
test.
Finally, we put all data into one balanced panel structure and find panel estimates
without incorporating the control variables (unfortunately all data are not available).
In this case, as can be expected, the relationship prevails (see Tables 12 and 13
in arXiv:1805.06829). Hausman test confirms that a random effect model is more
appropriate here. We checked if there is any relationship between EVC from trade
and EVC from return across time (rather than across countries, as we have discussed
above). In particular, it would be of interest to see if there is any strong indication of
Granger causality. The results are presented in Tables 14 to 31 in arXiv:1805.06829.
We see that there is no systematic relationship across these variables over time (we
have included two lags for all estimations). Note that the time length is very small
(9 years). Hence, we cannot infer much from the VAR analysis.
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(a)
(b)
(c)
Fig. 6 Time evolution of (a) GDP per capita, (b) economic complexity index and (c) eigenvector
centrality of market indices of different countries across the globe for the period 2002-2014.
2.6 Economic Interpretation and Econometric Issues
We have shown that there is a mapping between the networks of real and nominal
variables. It is important to stress that this establishes the novelty of the present ap-
proach over and above the basic findings of Sharma et al. [12]. The main statement
of Sharma et al. [12] is that centrality in the financial market is related to the size
effect. In the present case, the same still holds true and that can be explained easily
through gravity equation of trade, which states that the trade volume (Ti j) between
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two countries is approximately proportional to the product of the size of the coun-
tries (Yi and Yj) and inversely proportional to their distance (di j). This can be stated
as
Ti j ∼ Yi×Yjdi j . (5)
This implies that the EVC from the trade matrix is highly correlated with the size
itself. This, in turn, implies that the relationship we find between the financial net-
work and the trade network, may actually be a manifestation of the centrality-size
relationship, similar to the finding in Sharma et al. [12].
This raises a fundamental question about the nature of the relationship. Is it
centrality-centrality or centrality-size? We cannot provide a complete answer to
that. There are three points that need to be considered. First, centrality-size identi-
fication is an extremely difficult exercise as typically these two variables are highly
correlated. Second, to characterize spill-over effects, network structures are useful
whereas the size effect is not. Finally, the relationship between EVC of financial
network and the trade network, is not monotonic. The linear fit captures the pos-
itive relationship. But a non-linear fit shows that the effect of higher centrality in
trade diminishes after a steep initial increase. Thus, the multi-layered network view
(with EVC-EVC as opposed to EVC-size relationship) is important to recognize the
non-monotonic behavior.
3 Snapshot of the World Stock Market
Fig. 7 shows the minimum spanning tree (MST) of 51 market indices obtained from
the Pearson cross-correlation matrix across the globe during the period 2013-2014.
The nodes in the tree represent the market indices of the corresponding countries
and the links between the nodes represent the relative distances of the distance ma-
trix, d =
√
2(1−ρ), where ρ represents the correlation matrix. Thus, the minimum
spanning tree reveals the structure of the global market indices and provides simple
visualization about the patterns of links between different markets, similar to what
was observed by Wang et al. [15]. The MST indicates that geographic proximity
plays big role in shaping up the correlation structure across markets. This feature
has been noted and documented by other researchers as well [16]. One can conjec-
ture that the main factor behind this observation is that financial markets react very
quickly to news and hence, any bout of volatility in a market will be transmitted
to another market when that opens. For example, Tokyo stock exchange opens be-
fore London stock exchange. Hence, it is conceivable that there would be volatility
spillover from Tokyo to London. Although this qualitative explanation is intuitive,
it remains unclear how to understand the underlying mechanism quantitatively. On
a similar vein, it does not clearly explain the structure of the MST either.
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Fig. 7 Minimum spanning tree of 51 market indices across the globe during the period 2013-
2014. The MST shows 6 African markets (gray diamonds), 13 Asian markets (orange circles), 24
European markets (green triangles) and 8 Latin America markets (magenta squares).
4 Summary
In this chapter, we have demonstrated using multi-layered networks, the existence
of an empirical linkage between the dynamics of the financial network constructed
from the market indices and the macroeconomic networks constructed from macroe-
conomic variables such as trade, foreign direct investments, etc., for several coun-
tries across the globe. The time scales of the dynamics of the financial variables
and the macroeconomic variables are orders of magnitude different, which makes
the empirical linkage even more interesting and significant. Also, we found that
there exist in the respective networks, core-periphery structures (determined through
eigenvector centrality measures) that are composed of similar sets of countries – a
result that may be related through the ‘gravity model’ of the country-level macroe-
conomic networks. Thus, from a multi-lateral openness perspective, we showed that
for individual countries, larger trade connectivity is positively associated with higher
financial return correlations. We have specifically studied the two countries: Ger-
many (DEU) and France (FRA), with respect to the other European countries. This
revealed that mapping between the trade and financial indices correlation is quite
robust across several years.
Furthermore, we showed that the Economic Complexity Index and the equity
markets have a positive relationship among themselves, as is the case for Gross
Domestic Product; the time evolution of the three variables have interesting period-
icities and correlation patterns. For certain countries the dispersions in the variables
are rather pronounced than in other countries. To reveal the structure and dynam-
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ics of the global market indices, we have also studied the minimum spanning tree,
which indicated that the geographical proximity does play an important role in the
correlation structure across different markets. Perhaps the time-lagged correlation
studies would reveal further the lead-lag structure of the markets.
As noted by many researchers, network approach illuminates several interest-
ing facets of the structure of global economy. However, standard econometric tech-
niques show that all superficial observations are not necessarily robust. In particular,
whenever one wants to move from correlations to causality, one has to use extra cau-
tion. In the end, we note a simple point. Many proposed empirical relationships in
the econophysics literature fail the test for robustness (both in economic and statisti-
cal sense). Usage of econometrics combined with simple economic intuitions could
remedy the problem to a large extent.
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(2.64) (2.57) (1.71) (-0.05)
tradeofgdp 0.0000273 0.000211 -0.0000975
(0.23) (2.12) (-0.80)
gdp 0.0191∗∗
(3.65)
gdpcap 0.0218
(2.05)
cons 0.0359∗∗∗ 0.0359∗∗∗ 0.0200∗ 0.0172 -0.479∗∗ -0.164
(5.49) (5.49) (2.44) (1.16) (-3.51) (-1.83)
N 18 18 18 18 18 18
adj. R2 0.478 0.478 0.620 0.594 0.784 0.670
t statistics in parentheses
∗ p< 0.05, ∗∗ p< 0.01, ∗∗∗ p< 0.001
===============================================
===============================================
===============================================
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Table 2 Estimates for the year 2002
(1) (2) (3) (4) (5) (6)
evc return evc return evc return evc return evc return evc return
evc trade 0.366∗∗ 0.367∗∗ 0.262∗ 0.245∗ -0.0773 0.135
(3.95) (3.98) (2.96) (2.58) (-0.52) (1.45)
fdi 0.000715 0.000593 0.000939 0.000101 0.000413
(1.11) (1.08) (1.18) (0.14) (0.58)
credit 0.000283∗ 0.000271∗ 0.000177 -0.0000442
(2.56) (2.35) (1.72) (-0.27)
tradeofgdp -0.000115 0.000220 -0.000182
(-0.62) (1.08) (-1.14)
gdp 0.0179∗
(2.56)
gdpcap 0.0256∗
(2.43)
cons 0.0352∗∗∗ 0.0294∗∗ 0.0156 0.0245 -0.450∗ -0.195
(5.09) (3.40) (1.70) (1.42) (-2.42) (-2.13)
N 18 18 18 18 18 18
adj. R2 0.462 0.470 0.613 0.596 0.716 0.706
t statistics in parentheses
∗ p< 0.05, ∗∗ p< 0.01, ∗∗∗ p< 0.001
===============================================
=============================================== ===============================================
===============================================
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Table 3 Estimates for the year 2003
(1) (2) (3) (4) (5) (6)
evc return evc return evc return evc return evc return evc return
evc trade 0.429∗∗∗ 0.413∗∗∗ 0.319∗∗ 0.279∗∗ -0.0563 0.151
(4.69) (4.62) (3.91) (3.22) (-0.51) (2.11)
fdi 0.00110 0.000848 0.00160 0.00131 0.00153∗
(1.40) (1.28) (1.78) (2.03) (2.37)
credit 0.000287∗ 0.000244∗ 0.000152 -0.000110
(2.79) (2.27) (1.89) (-0.88)
tradeofgdp -0.000217 0.0000415 -0.000384∗
(-1.21) (0.28) (-2.81)
gdp 0.0183∗∗
(3.67)
gdpcap 0.0279∗∗
(3.62)
cons 0.0317∗∗∗ 0.0249∗∗ 0.0105 0.0291 -0.454∗∗ -0.206∗∗
(4.65) (3.02) (1.22) (1.66) (-3.43) (-3.11)
N 18 18 18 18 18 18
adj. R2 0.552 0.578 0.709 0.718 0.856 0.854
t statistics in parentheses
∗ p< 0.05, ∗∗ p< 0.01, ∗∗∗ p< 0.001
===============================================
=============================================== ===============================================
===============================================
===============================================
===============================================
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Table 4 Estimates for the year 2004
(1) (2) (3) (4) (5) (6)
evc return evc return evc return evc return evc return evc return
evc trade 0.422∗∗∗ 0.417∗∗∗ 0.318∗∗ 0.306∗∗ -0.0316 0.135
(4.66) (4.35) (3.92) (3.37) (-0.25) (1.86)
fdi 0.000107 0.000196 0.000257 0.000249 0.000444
(0.24) (0.55) (0.63) (0.78) (1.62)
credit 0.000311∗∗ 0.000304∗ 0.000213∗ -0.0000848
(3.22) (2.97) (2.52) (-0.74)
tradeofgdp -0.0000474 0.000177 -0.000255∗
(-0.33) (1.35) (-2.41)
gdp 0.0182∗∗
(3.13)
gdpcap 0.0313∗∗
(4.23)
cons 0.0321∗∗∗ 0.0315∗∗∗ 0.0118 0.0167 -0.463∗ -0.245∗∗
(4.78) (4.30) (1.40) (0.97) (-3.01) (-3.90)
N 18 18 18 18 18 18
adj. R2 0.550 0.521 0.705 0.685 0.812 0.863
t statistics in parentheses
∗ p< 0.05, ∗∗ p< 0.01, ∗∗∗ p< 0.001
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Table 5 Estimates for the year 2005
(1) (2) (3) (4) (5) (6)
evc return evc return evc return evc return evc return evc return
evc trade 0.399∗∗∗ 0.391∗∗∗ 0.337∗∗∗ 0.314∗∗ -0.0591 0.168∗
(4.58) (4.50) (4.36) (3.85) (-0.49) (2.19)
fdi 0.000226 0.0000771 0.000220 0.0000846 0.0000973
(1.09) (0.41) (0.92) (0.48) (0.52)
credit 0.000239∗ 0.000194 0.000131 -0.0000941
(2.55) (1.83) (1.66) (-0.79)
tradeofgdp -0.000141 0.000167 -0.000242
(-0.96) (1.22) (-2.08)
gdp 0.0203∗∗
(3.56)
gdpcap 0.0282∗∗
(3.24)
cons 0.0334∗∗∗ 0.0298∗∗∗ 0.0150 0.0307 -0.513∗∗ -0.213∗
(5.17) (4.13) (1.77) (1.66) (-3.35) (-2.78)
N 18 18 18 18 18 18
adj. R2 0.540 0.546 0.667 0.665 0.824 0.806
t statistics in parentheses
∗ p< 0.05, ∗∗ p< 0.01, ∗∗∗ p< 0.001
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Table 6 Estimates for the year 2006
(1) (2) (3) (4) (5) (6)
evc return evc return evc return evc return evc return evc return
evc trade 0.327∗∗ 0.320∗∗ 0.286∗∗ 0.297∗∗ -0.116 0.114
(3.79) (3.48) (3.42) (3.10) (-0.85) (1.15)
fdi 0.0000490 0.0000300 0.00000673 0.0000431 0.0000837
(0.29) (0.20) (0.04) (0.33) (0.57)
credit 0.000187∗ 0.000195 0.000110 -0.0000853
(2.16) (2.06) (1.49) (-0.69)
tradeofgdp 0.0000346 0.000252 -0.000133
(0.25) (2.12) (-1.06)
gdp 0.0211∗∗
(3.51)
gdpcap 0.0275∗
(2.89)
cons 0.0374∗∗∗ 0.0369∗∗∗ 0.0219∗ 0.0177 -0.539∗∗ -0.213∗
(5.90) (5.46) (2.38) (0.90) (-3.39) (-2.62)
N 18 18 18 18 18 18
adj. R2 0.440 0.406 0.523 0.489 0.727 0.674
t statistics in parentheses
∗ p< 0.05, ∗∗ p< 0.01, ∗∗∗ p< 0.001
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Table 7 Estimates for the year 2007
(1) (2) (3) (4) (5) (6)
evc return evc return evc return evc return evc return evc return
evc trade 0.248∗∗ 0.240∗ 0.219∗∗ 0.198∗ -0.0953 0.0525
(3.12) (2.90) (2.99) (2.47) (-0.76) (0.59)
fdi 0.0000494 0.0000474 0.0000923 0.0000965 0.000124
(0.49) (0.53) (0.84) (1.07) (1.32)
credit 0.000166∗ 0.000147 0.0000819 -0.0000539
(2.35) (1.92) (1.23) (-0.53)
tradeofgdp -0.0000849 0.0000814 -0.000206
(-0.71) (0.71) (-1.85)
gdp 0.0152∗
(2.75)
gdpcap 0.0220∗
(2.53)
cons 0.0418∗∗∗ 0.0408∗∗∗ 0.0258∗∗ 0.0360 -0.367∗ -0.151
(7.20) (6.49) (3.06) (2.15) (-2.49) (-2.01)
N 18 18 18 18 18 18
adj. R2 0.339 0.306 0.466 0.446 0.632 0.609
t statistics in parentheses
∗ p< 0.05, ∗∗ p< 0.01, ∗∗∗ p< 0.001
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Table 8 Estimates for the year 2008
(1) (2) (3) (4) (5) (6)
evc return evc return evc return evc return evc return evc return
evc trade 0.167∗ 0.164∗ 0.154∗ 0.104 -0.0813 -0.0359
(2.30) (2.18) (2.30) (1.60) (-0.68) (-0.46)
fdi 0.0000510 0.0000871 0.000294 0.000273 0.000385∗
(0.38) (0.72) (2.01) (2.01) (2.99)
credit 0.000141∗ 0.000112 0.0000620 -0.0000414
(2.22) (1.92) (1.02) (-0.53)
tradeofgdp -0.000223 -0.000123 -0.000362∗∗
(-2.12) (-1.09) (-3.45)
gdp 0.00949
(1.78)
gdpcap 0.0191∗
(2.50)
cons 0.0463∗∗∗ 0.0454∗∗∗ 0.0308∗∗ 0.0550∗∗ -0.194 -0.106
(8.66) (7.65) (3.65) (4.01) (-1.38) (-1.62)
N 18 18 18 18 18 18
adj. R2 0.201 0.156 0.331 0.464 0.541 0.618
t statistics in parentheses
∗ p< 0.05, ∗∗ p< 0.01, ∗∗∗ p< 0.001
Table 9 Estimates for the year 2009
(1) (2) (3) (4) (5) (6)
evc return evc return evc return evc return evc return evc return
evc trade 0.235∗∗ 0.229∗∗ 0.229∗∗ 0.167∗ -0.124 0.100
(3.16) (3.01) (3.01) (2.17) (-1.38) (1.31)
fdi 0.000193 0.000193 0.000675 0.000342 0.000305
(0.63) (0.63) (1.78) (1.24) (0.79)
tradeofgdp -0.000240 0.0000132 -0.000194
(-1.91) (0.12) (-1.68)
gdp 0.0162∗∗
(4.03)
gdpcap 0.0140
(2.07)
cons 0.0425∗∗∗ 0.0413∗∗∗ 0.0413∗∗∗ 0.0628∗∗∗ -0.375∗∗ -0.0778
(7.79) (7.04) (7.04) (5.02) (-3.44) (-1.13)
N 18 18 18 18 18 18
adj. R2 0.346 0.321 0.321 0.422 0.723 0.532
t statistics in parentheses
∗ p< 0.05, ∗∗ p< 0.01, ∗∗∗ p< 0.001
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Table
11
A
llIV
estim
ation
(L
IM
L
)(1)
(2)
(3)
(4)
(5)
(6)
(7)
(8)
(9)
evc
return
evc
return
evc
return
evc
return
evc
return
evc
return
evc
return
evc
return
evc
return
evc
trade
0.0318
0.108
0.121
0.134
0.153
0.147
0.120
0.0337
0.0965
(0.15)
(0.69)
(0.88)
(0.84)
(0.91)
(0.78)
(0.74)
(0.26)
(0.73)
credit
0.000430 ∗∗
0.000334 ∗∗
0.000290 ∗∗
0.000354 ∗∗∗
0.000213 ∗
0.000197 ∗
0.000145 ∗
0.000110 ∗
(2.62)
(2.76)
(2.71)
(3.35)
(2.05)
(2.25)
(2.15)
(2.13)
tradeofgdp
-0.0000370
-0.000193
-0.000340
-0.000151
-0.000230
-0.0000567
-0.000128
-0.000266 ∗
-0.000289 ∗
(-0.27)
(-1.04)
(-1.78)
(-0.95)
(-1.40)
(-0.35)
(-0.97)
(-2.26)
(-2.10)
fdi
0.00114
0.00208 ∗
0.000546
0.000308
0.000121
0.000130
0.000345 ∗
0.000800 ∗
(1.52)
(2.27)
(1.20)
(1.25)
(0.58)
(1.08)
(2.21)
(2.02)
cons
0.0256
0.0326
0.0414 ∗
0.0292
0.0447 ∗
0.0326
0.0438 ∗
0.0623 ∗∗∗
0.0702 ∗∗∗
(1.50)
(1.86)
(2.21)
(1.52)
(2.02)
(1.33)
(2.12)
(3.61)
(4.31)
N
18
18
18
18
18
18
18
18
18
adj.R
2
0.422
0.531
0.647
0.599
0.565
0.393
0.406
0.416
0.387
tstatistics
in
parentheses
∗
p
<
0.05, ∗∗
p
<
0.01, ∗∗∗
p
<
0.001
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Table 12 Panel estimates: fixed and random effects
(1) (2)
evc return evc return
evc trade 0.550∗∗∗ 0.391∗∗∗
(4.23) (5.64)
cons 0.0250∗∗∗ 0.0339∗∗∗
(3.45) (6.12)
N 162 162
adj. R2 -0.001
t statistics in parentheses
∗ p< 0.05, ∗∗ p< 0.01, ∗∗∗ p< 0.001
Table 13 Hausman test: Random effect is more appropriate.
(1)
evc return
evc trade 0.391∗∗∗
(5.64)
cons 0.0339∗∗∗
(6.12)
N 162
adj. R2
t statistics in parentheses
∗ p< 0.05, ∗∗ p< 0.01, ∗∗∗ p< 0.001
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Table 14 VAR estimation: Belgium (BEL)
(1)
bel r
bel r
L.bel r -0.412
(-1.05)
L2.bel r 0.548
(1.68)
L.bel t -1.901∗∗∗
(-3.58)
L2.bel t -1.042∗∗
(-2.66)
cons 0.357∗∗∗
(4.37)
bel t
L.bel r 0.572∗∗
(3.14)
L2.bel r -0.298∗
(-1.98)
L.bel t 0.425
(1.73)
L2.bel t 0.948∗∗∗
(5.22)
cons -0.0557
(-1.47)
N 7
t statistics in parentheses
∗ p< 0.05, ∗∗ p< 0.01, ∗∗∗ p< 0.001
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Table 15 VAR estimation: Czech Republic (CZE)
(1)
cze r
cze r
L.cze r 0.450
(1.24)
L2.cze r -0.705∗
(-2.22)
L.cze t 2.064
(1.19)
L2.cze t -0.433
(-0.25)
cons 0.0162
(1.49)
cze t
L.cze r 0.133
(1.76)
L2.cze r -0.0718
(-1.09)
L.cze t 0.790∗
(2.19)
L2.cze t -0.00296
(-0.01)
cons 0.00421
(1.87)
N 7
t statistics in parentheses
∗ p< 0.05, ∗∗ p< 0.01, ∗∗∗ p< 0.001
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Table 16 VAR estimation: Denmark (DNK)
(1)
dnk r
dnk r
L.dnk r 0.122
(0.67)
L2.dnk r -0.950∗∗∗
(-4.77)
L.dnk t 1.195
(1.70)
L2.dnk t 2.277∗∗
(2.87)
cons 0.0388
(1.69)
dnk t
L.dnk r -0.0774∗
(-1.98)
L2.dnk r 0.0317
(0.74)
L.dnk t 0.195
(1.29)
L2.dnk t -0.240
(-1.40)
cons 0.0243∗∗∗
(4.89)
N 7
t statistics in parentheses
∗ p< 0.05, ∗∗ p< 0.01, ∗∗∗ p< 0.001
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Table 17 VAR estimation: Germany (DEU)
(1)
deu r
deu r
L.deu r 1.396∗∗∗
(3.60)
L2.deu r -1.618∗∗
(-2.60)
L.deu t -1.992
(-1.55)
L2.deu t 2.733
(1.12)
cons -0.0339
(-0.08)
deu t
L.deu r -0.0789∗∗
(-3.20)
L2.deu r -0.137∗∗∗
(-3.48)
L.deu t 0.509∗∗∗
(6.24)
L2.deu t 0.0607
(0.39)
cons 0.0913∗∗∗
(3.40)
N 7
t statistics in parentheses
∗ p< 0.05, ∗∗ p< 0.01, ∗∗∗ p< 0.001
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Table 18 VAR estimation: Ireland (IRE)
(1)
deu r
deu r
L.deu r 1.396∗∗∗
(3.60)
L2.deu r -1.618∗∗
(-2.60)
L.deu t -1.992
(-1.55)
L2.deu t 2.733
(1.12)
cons -0.0339
(-0.08)
deu t
L.deu r -0.0789∗∗
(-3.20)
L2.deu r -0.137∗∗∗
(-3.48)
L.deu t 0.509∗∗∗
(6.24)
L2.deu t 0.0607
(0.39)
cons 0.0913∗∗∗
(3.40)
N 7
t statistics in parentheses
∗ p< 0.05, ∗∗ p< 0.01, ∗∗∗ p< 0.001
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Table 19 VAR estimation: Spain (ESP)
(1)
esp r
esp r
L.esp r 1.259∗
(2.11)
L2.esp r 0.769
(0.85)
L.esp t -1.501
(-0.85)
L2.esp t -2.075
(-1.37)
cons 0.166
(1.78)
esp t
L.esp r 0.755∗∗∗
(5.90)
L2.esp r 0.789∗∗∗
(4.07)
L.esp t -1.124∗∗
(-2.96)
L2.esp t -1.201∗∗∗
(-3.71)
cons 0.110∗∗∗
(5.50)
N 7
t statistics in parentheses
∗ p< 0.05, ∗∗ p< 0.01, ∗∗∗ p< 0.001
32 Kiran Sharma, Anindya S. Chakrabarti and Anirban Chakraborti
Table 20 VAR estimation: France (FRA)
(1)
fra r
fra r
L.fra r -0.437
(-1.27)
L2.fra r 0.0680
(0.19)
L.fra t 2.239∗
(2.15)
L2.fra t -0.303
(-0.28)
cons -0.147∗∗∗
(-4.19)
fra t
L.fra r -0.259
(-1.55)
L2.fra r -0.314
(-1.78)
L.fra t 1.331∗∗
(2.64)
L2.fra t 0.00892
(0.02)
cons -0.0000508
(-0.00)
N 7
t statistics in parentheses
∗ p< 0.05, ∗∗ p< 0.01, ∗∗∗ p< 0.001
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Table 21 VAR estimation: Italy (Ita)
(1)
ita r
ita r
L.ita r 0.320
(0.64)
L2.ita r -1.037
(-1.64)
L.ita t 0.625∗
(2.23)
L2.ita t 0.490
(1.26)
cons 0.0290
(1.55)
ita t
L.ita r 1.984∗
(2.13)
L2.ita r -1.557
(-1.31)
L.ita t -0.155
(-0.29)
L2.ita t -0.0482
(-0.07)
cons 0.0770∗
(2.20)
N 7
t statistics in parentheses
∗ p< 0.05, ∗∗ p< 0.01, ∗∗∗ p< 0.001
34 Kiran Sharma, Anindya S. Chakrabarti and Anirban Chakraborti
Table 22 VAR estimation: Latvia (LVA)
(1)
lva r
lva r
L.lva r -0.419∗
(-1.97)
L2.lva r -1.266∗∗∗
(-3.53)
L.lva t 34.25∗∗∗
(10.35)
L2.lva t 28.37∗∗∗
(3.31)
cons -0.0555∗∗∗
(-7.86)
lva t
L.lva r 0.0247
(1.41)
L2.lva r -0.0392
(-1.32)
L.lva t 0.903∗∗∗
(3.30)
L2.lva t -0.932
(-1.32)
cons 0.00130∗
(2.23)
N 7
t statistics in parentheses
∗ p< 0.05, ∗∗ p< 0.01, ∗∗∗ p< 0.001
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Table 23 VAR estimation: Hungary (HUN)
(1)
hun r
hun r
L.hun r -0.168
(-0.91)
L2.hun r -0.251
(-1.59)
L.hun t 5.866∗∗
(3.11)
L2.hun t -0.809
(-0.46)
cons -0.0360∗
(-1.98)
hun t
L.hun r 0.0363
(0.86)
L2.hun r -0.0715
(-1.96)
L.hun t 1.235∗∗
(2.84)
L2.hun t -0.852∗
(-2.10)
cons 0.0134∗∗
(3.21)
N 7
t statistics in parentheses
∗ p< 0.05, ∗∗ p< 0.01, ∗∗∗ p< 0.001
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Table 24 VAR estimation: Netherlands (NLD)
(1)
nld r
nld r
L.nld r 0.812
(1.40)
L2.nld r -0.389
(-0.91)
L.nld t -1.601∗∗
(-2.69)
L2.nld t 1.639
(1.89)
cons 0.0422
(0.19)
nld t
L.nld r -0.679∗
(-2.19)
L2.nld r 0.517∗
(2.26)
L.nld t 0.816∗
(2.56)
L2.nld t -0.441
(-0.95)
cons 0.0826
(0.71)
N 7
t statistics in parentheses
∗ p< 0.05, ∗∗ p< 0.01, ∗∗∗ p< 0.001
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Table 25 VAR estimation: Austria (AUT)
(1)
aut r
aut r
L.aut r -0.175
(-0.46)
L2.aut r -0.0233
(-0.08)
L.aut t 3.394
(1.52)
L2.aut t 3.274
(1.38)
cons -0.216
(-1.87)
aut t
L.aut r -0.00510
(-0.09)
L2.aut r 0.0294
(0.65)
L.aut t 0.0775
(0.22)
L2.aut t 0.119
(0.32)
cons 0.0340
(1.90)
N 7
t statistics in parentheses
∗ p< 0.05, ∗∗ p< 0.01, ∗∗∗ p< 0.001
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Table 26 VAR estimation: Poland (POL)
(1)
pol r
pol r
L.pol r -0.279
(-0.79)
L2.pol r -0.167
(-0.69)
L.pol t 2.236∗∗
(3.26)
L2.pol t -1.314
(-1.77)
cons 0.0368∗∗∗
(3.69)
pol t
L.pol r 0.0667
(0.32)
L2.pol r -0.113
(-0.80)
L.pol t 1.704∗∗∗
(4.26)
L2.pol t -0.836
(-1.93)
cons 0.00649
(1.12)
N 7
t statistics in parentheses
∗ p< 0.05, ∗∗ p< 0.01, ∗∗∗ p< 0.001
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Table 27 VAR estimation: Portugal (PRT)
(1)
prt r
prt r
L.prt r 0.583
(1.82)
L2.prt r -0.157
(-0.42)
L.prt t 0.569
(0.68)
L2.prt t -1.598
(-1.56)
cons 0.0481∗
(2.44)
prt t
L.prt r -0.0133
(-0.18)
L2.prt r 0.352∗∗∗
(4.05)
L.prt t 0.0357
(0.18)
L2.prt t -0.537∗
(-2.23)
cons 0.00426
(0.92)
N 7
t statistics in parentheses
∗ p< 0.05, ∗∗ p< 0.01, ∗∗∗ p< 0.001
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Table 28 VAR estimation: Romania (ROU)
(1)
rou r
rou r
L.rou r 0.622∗
(2.27)
L2.rou r -0.932∗
(-2.27)
L.rou t 96.17∗∗∗
(3.76)
L2.rou t -92.30∗∗∗
(-3.47)
cons -0.0781∗∗∗
(-4.47)
rou t
L.rou r -0.000420
(-0.17)
L2.rou r -0.0526∗∗∗
(-14.41)
L.rou t 2.088∗∗∗
(9.18)
L2.rou t -1.027∗∗∗
(-4.34)
cons -0.000132
(-0.85)
N 7
t statistics in parentheses
∗ p< 0.05, ∗∗ p< 0.01, ∗∗∗ p< 0.001
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Table 29 VAR estimation: Slovakia (SVK)
(1)
svk r
svk r
L.svk r -0.912∗
(-2.33)
L2.svk r -0.785∗
(-2.32)
L.svk t -1.018
(-1.02)
L2.svk t 1.074
(0.97)
cons 0.0150∗∗
(3.09)
svk t
L.svk r 0.175
(1.16)
L2.svk r 0.0350
(0.27)
L.svk t 0.361
(0.94)
L2.svk t 0.553
(1.30)
cons 0.00123
(0.66)
N 7
t statistics in parentheses
∗ p< 0.05, ∗∗ p< 0.01, ∗∗∗ p< 0.001
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Table 30 VAR estimation: Sweden (SWE)
(1)
swe r
swe r
L.swe r -0.378
(-1.49)
L2.swe r -0.0566
(-0.31)
L.swe t -4.045∗∗∗
(-4.97)
L2.swe t -6.569∗∗∗
(-6.86)
cons 0.388∗∗∗
(7.22)
swe t
L.swe r 0.0679
(0.32)
L2.swe r 0.132
(0.87)
L.swe t 0.469
(0.68)
L2.swe t 0.0514
(0.06)
cons -0.00179
(-0.04)
N 7
t statistics in parentheses
∗ p< 0.05, ∗∗ p< 0.01, ∗∗∗ p< 0.001
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Table 31 VAR estimation: UK (GBR)
(1)
gbr r
gbr r
L.gbr r -0.0660
(-0.17)
L2.gbr r 0.0609
(0.15)
L.gbr t 0.505
(1.26)
L2.gbr t 0.167
(0.37)
cons 0.00631
(0.22)
gbr t
L.gbr r 0.878∗∗∗
(3.70)
L2.gbr r -0.152
(-0.60)
L.gbr t 0.548∗
(2.25)
L2.gbr t -0.126
(-0.46)
cons -0.0000736
(-0.00)
N 7
t statistics in parentheses
∗ p< 0.05, ∗∗ p< 0.01, ∗∗∗ p< 0.001
